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Abstract
This study dynamically monitors ecosystem performance (EP) to identify grasslands
potentially suitable for cellulosic feedstock crops (e.g., switchgrass) within the Greater
Platte River Basin (GPRB). We computed grassland site potential and EP anomalies
using 9-year (2000–2008) time series of 250 m expedited moderate resolution imaging
spectroradiometer Normalized Difference Vegetation Index data, geophysical and bio-
physical data, weather and climate data, and EP models. We hypothesize that areas
with fairly consistent high grassland productivity (i.e., high grassland site potential) in
fair to good range condition (i.e., persistent ecosystem overperformance or normal per-
formance, indicating a lack of severe ecological disturbance) are potentially suitable
for cellulosic feedstock crop development. Unproductive (i.e., low grassland site poten-
tial) or degraded grasslands (i.e., persistent ecosystem underperformance with poor
range condition) are not appropriate for cellulosic feedstock development. Grassland
pixels with high or moderate ecosystem site potential and with more than 7 years eco-
system normal performance or overperformance during 2000–2008 are identified as pos-
sible regions for future cellulosic feedstock crop development (ca. 68 000 km2 within
the GPRB, mostly in the eastern areas). Long-term climate conditions, elevation, soil
organic carbon, and yearly seasonal precipitation and temperature are important perfor-
mance variables to determine the suitable areas in this study. The final map delineat-
ing the suitable areas within the GPRB provides a new monitoring and modeling
approach that can contribute to decision support tools to help land managers and deci-
sion makers make optimal land use decisions regarding cellulosic feedstock crop
development and sustainability.
Keywords: cellulosic biofuel, cellulosic feedstock crops, ecosystem performance models, eMODIS
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Introduction
Biofuels are renewable fuels used extensively for motor
vehicles, and their use may grow significantly as the
world decreases its dependence on fossil fuels (Simpson,
2009; Schnepf & Yacobucci, 2010). Currently, corn (Zea
mays) from the Midwest is used to produce ethanol, the
most common biofuel product in the United States (Solo-
mon et al., 2007; Schnepf & Yacobucci, 2010). Corn-based
ethanol development is limited because of concerns
about world food shortages, livestock and food price
increases, and negative environmental effects (e.g., water
quality impairment due to the greater usage of pesticide
and fertilizer, more demand for water for irrigation, and
soil erosion) (Trostle, 2008; Gelfand et al., 2010; Pala,
2010; Pimentel, 2010; Schnepf & Yacobucci, 2010). As a
result, policy makers may mandate using cellulosic bio-
fuels produced from grasses, forest woody biomass, and
agricultural and municipal wastes in the near future. If
this occurs, production of cellulosic feedstocks will dra-
matically increase (Bracmort, 2010; Bracmort et al., 2010;
Correspondence: Yingxin Gu, tel. +1 605 594 6576,
fax +1 605 594 6529, e-mail: ygu@usgs.gov
96 © 2011 USGS
GCB Bioenergy (2012) 4, 96–106, doi: 10.1111/j.1757-1707.2011.01113.x
Schnepf & Yacobucci, 2010). Switchgrass (Panicum virga-
tum) is being evaluated as one potential source for cellu-
losic feedstock (Mclaughlin & Kszos, 2005; Liebig, 2006;
Sanderson et al., 2006; Schmer et al., 2008; Bracmort,
2010; Bracmort et al., 2010). Several studies have been
conducted regarding the environmental effects of using
switchgrass for cellulosic feedstock (Liebig et al., 2008;
Schmer et al., 2008, 2010; Vadas et al., 2008; Blanco-Can-
qui, 2010; Guretzky et al., 2011).
Ecosystem performance (EP) (i.e., a surrogate for
approximating ecosystem productivity) provides impor-
tant information to decision makers for land manage-
ment. Ecosystem performance is usually affected by site
condition (e.g., drainage, elevation, slope, aspect, soils,
and surface geology) (Viereck et al., 1984, 1992; Saxon
et al., 2005; White et al., 2005), climate (e.g., precipitation
and surface temperature) (Rupp et al., 2000; Bunn et al.,
2005; Kang et al., 2006; Kimball et al., 2006; Dunn et al.,
2007), natural disturbances (e.g., wildfires and floods)
(Kang et al., 2006), and management activities (e.g., irri-
gation and heavy grazing) (Asner et al., 2004; Launchb-
augh et al., 2008). Recently, satellite remote sensing has
become an essential tool for measuring and monitoring
EP over large areas because of its wide coverage and
high spatial and temporal resolutions (Wylie et al., 2008;
Zhang et al., 2010). Previous studies have shown a
strong relationship between satellite vegetation index
and biomass productivities (Tucker et al., 1985; Hobbs,
1995; Tieszen et al., 1997; Wang et al., 2005; Gitelson
et al., 2006; Funk & Budde, 2009; Becker-Reshef et al.,
2010). The growing season integrated Normalized
Difference Vegetation Index (NDVI) derived from satellite
observations has been used as a proxy for EP (Tieszen
et al., 1997). Interpreting EP variation or ecological dis-
turbance is complex because of the influences of
weather, natural disturbances, and management activi-
ties. Wylie et al. (2008) developed an approach that sep-
arated weather-related (e.g., drought) and ecological
disturbance-related (e.g., wildfires, insects, and over-
grazing) annual EP variations using the archival record
of satellite-derived NDVI data, weather and climate
data, geophysical and biophysical data, and EP models.
This method provides historical trends for both
weather- and disturbance-related EP variations, which
helps identify the potential causes of ecosystem varia-
tions and can help guide best management practices.
The objective of this study is to implement the
dynamic monitoring of EP (Wylie et al., 2008; Gu &
Wylie, 2010) for grasslands in the Great Plains to iden-
tify lands potentially suitable for cellulosic feedstock (e.
g., switchgrass) development. Our pilot study area is the
Greater Platte River Basin (GPRB). We chose the GPRB
because it includes a broad range of plant productivi-
ties, from semiarid grasslands in the west to the fertile
corn belt in the east. The GPRB was also the subject of
related integrated research projects. We used 250 m
expedited moderate resolution imaging spectroradiom-
eter (eMODIS) time series NDVI data and weather,
climate, biophysical, and geophysical data to build EP
models. Results from this study will provide useful
information to land managers and decision makers to
make optimal land use decisions for cellulosic feedstock
development and sustainability.
Materials and methods
Study area
Our study area is the GPRB, which is formed by the
Platte River Basin, the Niobrara River Basin, and the
Republican River Basin, and located in the heartland of
the United States. The GPRB covers parts of Wyoming,
Colorado, South Dakota, Kansas, and most of Nebraska
(Fig. 1). The main vegetation cover types are grassland
(ca. 50%) and cultivated crops (ca. 30%). More than 60%
of the grasslands are dominated by warm season (C4)
grasses. Other land cover types include shrubs, ever-
green and deciduous forests, and pasture/hay (Fig. 1).
Annual precipitation in the GPRB increases from west
to east. The long-term (1971–2000) precipitation, maxi-
mum temperature, and minimum temperature maps are
shown in Fig. 2.
Basic concepts of the ecosystem performance study
For moisture-limited rangelands, the interannual varia-
tion in vegetation productivity is significantly related to
local weather and climate conditions, management prac-
tices, and ecological disturbances. Herein, we define
ecosystem site potential as the long-term rangeland pro-
ductivity (i.e., long-term EP) that averages out climatic
variations in weather but accounts for spatial variation
in long-term EP associated with site conditions such as
drainage, elevation, slope, aspect, soils, climate, and sur-
face geology. Ecosystem site potential does not include
ecological disturbance effects (e.g., wildfires, floods,
insects, and overgrazing). Highly productive sites will
have higher ecosystem site potential than sites with
poorer soils, steeper slopes, or other conditions not con-
ducive to vegetation growth. We used satellite-derived
growing season integrated NDVI (GSN) as a proxy for
the actual EP (Tieszen et al., 1997). We defined the
expected EP (EEP) as the expected GSN in a particular
year based on the weather conditions of that year (i.e.,
given the weather conditions of that year and in the
absence of disturbance). Favorable weather years will
experience higher EEP than years with unfavorable con-
ditions (e.g., too hot or too cold, too wet or too dry).
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The EP anomaly (EPA) for a year was calculated as the
difference between the actual EP and the weather-based
EEP, and this difference was categorized as normal per-
formance, underperformance, and overperformance
based on the calculated 90% level of confidence interval.
Natural disturbances (e.g., wildfires, floods, and insects)
and inappropriate management decisions (e.g., heavy
grazing) usually cause significant negative EPAs. Man-
agement treatments (e.g., irrigation, fertilization) usually
cause positive EPAs. Multiyear EPA maps were used to
identify long-term persistent EP anomalies. Table 1 is a
brief summary and explanation of the ecological vari-
ables used in this study.
Approach and strategy for identifying grasslands
potentially suitable for cellulosic feedstock development
In this study, we hypothesize that grassland areas
with (i) fairly consistent high grassland productivity
(i.e., high ecosystem site potential) and (ii) fair to
good range condition (persistent ecosystem normal
performance or overperformance, implying a lack of
severe ecological disturbance) are potentially suitable
for cellulosic feedstock [e.g., switchgrass or Miscanthus
(Miscanthus x giganteus)] development.
Historically, many areas of productive grasslands
were converted to cropland. Criteria for sites suitable
for cellulosic feedstock production may be similar to the
criteria that farmers implicitly used historically to select
Fig. 2 Climate condition maps for the grassland areas in the
GPRB (250 m spatial resolution). (a) 1970–2000 averaged
annual precipitation; (b) 1970–2000 averaged maximum tem-
perature; (c) 1970–2000 averaged minimum temperature.
Fig. 1 Location of the Greater Platte River Basin (inside the blue outline) and the land cover types as identified in the NLCD.
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sites for crops (i.e., select productive grasslands). There-
fore, highly productive sites (i.e., sites with high ecosys-
tem site potential) are potentially more suitable for
cellulosic feedstock development than sites with poorer
soils, steeper slopes, or other conditions not conducive
to vegetation growth and harvesting.
Areas with ecosystem overperformance (or normal
performance) usually represent good and healthy vege-
tation conditions with higher grassland productivity
than the weather-based EEP; therefore, these regions
are potentially suitable for cellulosic feedstock develop-
ment. On the other hand, areas with ecosystem under-
performance usually represent degrading or degraded
vegetation conditions or perturbations (i.e., unfavorable
vegetation growth conditions caused by wildfire,
floods, insects, overgrazing, etc.) with low grassland
productivities. We assume these areas are not suitable
for cellulosic feedstock expansion because the produc-
tivity would be low and the environmental impacts
would be high. Here, areas that are vulnerable to dis-
turbance (i.e., sensitive to environmental change) are
also not considered suitable for cellulosic feedstock
development.
Verification of GSN as a proxy for ecosystem productivity
In this study, GSN was used as the actual EP. To verify
and confirm this approach, we assessed the important
features in the relationship between eMODIS GSN and
the flux tower gross primary productivity (GPP) in the
GPRB. Yearly growing season averaged GPP data (dur-
ing 2000–2002 and 2005–2007) were collected from seven
flux towers on grasslands around the GPRB region. The
locations and the names of the seven flux towers are
shown in Fig. 3. Yearly GSN data were also extracted
for each 250 m pixel that geographically corresponded
to each flux tower site. We computed the correlation
between eMODIS GSN and the flux tower GPP around
the GPRB.
Data and procedures for mapping areas of potential
cellulosic feedstock expansion
Figure 4 is a flowchart illustrating how our EP anoma-
lies were calculated and how the target areas (areas
suitable for cellulosic feedstock expansion) were identi-
fied. More detailed data processing steps included:
Table 1 Summary of ecosystem performance variables used in this study
Name Short name Description
Ecosystem site potential Site potential Long-term ecosystem productivity
Ecosystem performance EP Growing season NDVI (GSN) derived from satellite observations
Expected ecosystem performance EEP Weather-based expected GSN
Ecosystem performance anomaly EPA The difference between the actual EP and the EEP
CPER
Woodward
Fort Reno
Walnut River
CRP ungrazed
Gudmundsen Ranch
Rannels Flint Hills
Fig. 3 Locations of the seven flux towers around the GPRB.
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1 Extracting grassland pixels within the study area
using National Land Cover Database (NLCD) 2001
(Homer et al., 2004).
2 Calculating the actual EP for 2000–2008 using high
quality (mask out ‘cloud’ and ‘fill value’ pixels) and
temporally smoothed (reduce additional atmospheric
noise) 7 –day 250 m eMODIS NDVI data (Swets et al.,
1999; Jenkerson et al., 2010).
3 Estimating ecosystem site potential using rule-based
piecewise regression modeling methods (using Cubist
Software). Cubist develops generalized rule sets, or
piecewise regressions, from regression trees resulting
in optimal multiple regression models which are con-
strained by data ranges of variables. Such machine
learning models are optimal for complex and nonlin-
ear relationships with large sample sizes (Wylie et al.,
2007). Data used for training rule-based piecewise
regression modeling for calculating long-term site
potential (Fig. 4) included (i) 9-year (2000–2008) aver-
aged GSN derived from eMODIS NDVI; (ii) long-term
(1971–2000) averaged precipitation, maximum tem-
perature, and minimum temperature derived from
the PRISM (Parameter-elevation Regressions on Inde-
pendent Slopes Model) database (PRISM Climate
Group); (iii) soil organic carbon (SOC) (which is
related to soil texture and vegetation conditions)
derived from the U.S. Department of Agriculture
(USDA) Natural Resources Conservation Service
(NRCS) Soil Survey Geographic (SSURGO) Database;
(iv) USGS compound topographic index (CTI) and
digital elevation model (DEM); (v) LANDFIRE envi-
ronmental site potential data derived from the USGS
national LANDFIRE project; (vi) north and south
aspect and slope maps derived from the USGS DEM
data; and (vii) Olson’s Ecoregions map (Olson et al.,
2001). The 4 km spatial resolution PRISM data and
the 30 m data (e.g., CTI, DEM) were resampled to
Fig. 4 Flowchart for mapping suitable regions for cellulosic feedstocks based on the satellite observations, climate data, and ecosys-
tem performance models.
Table 2 Attribute usage in the rule-based piecewise regres-
sion models for long-term site potential calculation
Name
Usage in
conditions (%)
Usage in
model (%)
Annual precipitation 88 99
Mean annual maximum
temperature
68 79
SSURGO SOC data 62 79
DEM 51 84
Landfire site potential 47 N/A
Ecoregion 26 N/A
Mean annual minimum
temperature
8 70
North slope and aspect 3 45
CTI 1 14
South slope and aspect 0 15
CTI, compound topographic index; DEM, digital elevation
model; SOC, soil organic carbon; SSURGO, Soil Survey Geo-
graphic.
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250 m resolution using bilinear interpolation (down-
scaling) or spatial averaging (upscaling) to match the
250 m eMODIS NDVI data. Table 2 gives the attribute
usage of the above parameters used in the rule-based
piecewise regression models for long-term site poten-
tial calculation. Long-term climate conditions, eleva-
tion, and SOC are important variables for site
potential calculation (Table 2).
4 Computing the EEP for 2000–2008 using a piecewise
regression model (using Cubist Software) based on
the site potential and the 2000–2008 seasonal weather
data. Data used for training the rule-based piecewise
regression models to calculate the EEP (Fig. 4) were:
(i) 2000–2008 PRISM datasets (maximum and mini-
mum temperature and precipitation) for winter
(November–February), spring (March–April), early
summer (May–June), summer (July–August), and fall
(September–October); (ii) long-term ecosystem site
potential; and (iii) 2000–2008 eMODIS GSN data. We
separated the yearly weather data (with monthly
stacks) into five seasonal-averaged weather data to (i)
reduce the number of variables used in the Cubist
model and (ii) capture the interannual weather varia-
tion impacts on the EEP. The final piecewise regres-
sion model had an overall training accuracy of 93%
on 16 231 observations. Table 3 is the attribute usage
in the rule-based piecewise regression models for the
EEP calculation. Ecosystem site potential and seasonal
weather conditions are important variables for the
EEP calculation (Table 3).
5 Determining EP anomalies (the actual EP minus the
EEP) for 2000–2008. The EPA maps are categorized as
normal performance, underperformance, and overper-
formance (observed performance relative to weather-
based predictions) at the 90% confidence levels.
6 Mapping the multiyear (i.e., more than 7 years) grass-
land persistent ecosystem overperformance and
underperformance (using the 80% confidence levels)
for 2000–2008 (Wylie et al., 2008; Gu & Wylie, 2010).
7 Identifying pixels that either overperformed or nor-
mally performed for more than 7 years during 2000–
2008 and have moderate or high site potential. These
pixels are potentially suitable for switchgrass expan-
sion and development. Long-term climate conditions,
elevation, SOC, and yearly seasonal precipitation and
temperature are the most important performance
variables (Tables 1 and 2) to determine these pixels.
8 Identifying areas that are vulnerable to ecological dis-
turbance (i.e., sensitive to the environmental change)
using soil condition data [i.e., SSURGO available
water capacity (AWC) data]. These areas will be
excluded from the suitable regions (detailed explana-
tions are in the ‘Discussion’ section).
Results
Correlation between satellite-derived growing season
averaged NDVI and flux tower growing season averaged
GPP
Figure 5 is the scatter plot of the eMODIS GSN and the
flux tower growing season averaged GPP. There is a
strong relationship (R2 = 0.75) between the eMODIS
Table 3 Attribute usage in the rule-based piecewise regres-
sion modeling for the expected ecosystem performance (EEP)
calculation.
Name
Usage in
conditions (%)
Usage in
model (%)
Mean maximum temperature
(Tmax) in winter
67 81
Ecosystem site potential 62 100
Mean precipitation (Ppt)
in early summer
53 89
Mean minimum temperature
(Tmin) in spring
30 67
Ppt in summer 19 81
Ppt in spring 14 83
Ppt in winter 13 38
Tmax in early summer 12 38
Tmax in summer 5 44
Tmax in fall 4 67
Ppt in fall 4 31
Tmin in fall 3 60
Tmin in summer 2 64
Tmax in spring 2 45
Tmin in early summer 0 57
Tmin in winter 0 40
Fig. 5 Relationship between eMODIS GSN and the flux tower
gross primary productivity (GPP) in the GPRB. Yearly growing
season averaged GPP data (2000–2002 and 2005–2007) were col-
lected from seven flux towers around the GPRB region. The
yearly GSN data were also extracted for each 250 m pixel that
geographically corresponded to each flux tower site.
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GSN and the flux tower growing season averaged GPP
(Fig. 5). This result demonstrates that our approach
used in this study (i.e., using GSN as a proxy for EP) is
appropriate and reliable.
Ecosystem site potential, actual EP, EEP, and EPA maps
for the GPRB
We selected EP results from one of the 9 years (2006)
as an example for illustration and discussion purposes.
Figure 6 illustrates maps of (i) site potential, (ii) 2006
actual EP, (iii) 2006 EEP, and (vi) 2006 EPA for grass-
lands in the GPRB. The spatial distributions and the
quantities of grassland site potential, actual EP, and
the weather-based EEP in 2006 are shown in Fig. 6a–c.
Areas with high grassland site potentials (Fig. 6a)
could be suitable for cellulosic feedstocks expansion.
Pixels that either overperformed or underperformed
for 2006 are identified as green-blue and red-pink in
Fig. 6d.
(a)
(c)
(b)
(d)
Fig. 6 Examples of site potential map, the actual EP map, the EEP map, and the EPA map for grassland in the Greater Platte River
Basin (pixel size 250 m). (a) Site potential map; (b) 2006 actual EP map; (c) 2006 EEP map; (d) 2006 EPA map in which green-blue
areas represent overperformance and red-pink areas represent underperformance. The area in the red outline is discussed in the text.
Overperforming
Normal
Underperforming
Fig. 7 Multiyear (i.e., more than 7 years) persistent EPA map for 2000–2008 in the GPRB (pixel size 250 m). Pixels persistently over-
performing and underperforming are in green and red, respectively.
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Multiyear persistent EPA map for grassland in the GPRB
Figure 7 is the 2000–2008 multiyear persistent EPA map
for grassland in the GPRB. Pixels that overperformed
(underperformed) for 7 or more years are displayed in
green (red). Pixels identified as overperforming or nor-
mal performing for multiple years (e.g., with less persis-
tent ecological disturbances) are potentially suitable for
cellulosic feedstock (e.g., switchgrass) expansion and
development.
Identification of regions suitable for cellulosic feedstock
development
To consider the influences caused by both site potential
and the multiyear persistent EPA, pixels that either
overperformed or normally performed for 7 (or more)
of 9 years from 2000 to 2008 and have moderate or high
site potential are identified in Fig. 8a. The resulting map
shows that only a few regions potentially suitable for
cellulosic feedstock development are located in the wes-
tern and central parts of the GPRB. This is because unfa-
vorable vegetation growth conditions existed in the
western and central parts of the GPRB (see more details
in the ‘Discussion’ section). Areas identified as suitable
places for cellulosic feedstock (e.g., switchgrass) expan-
sion are mainly located in the eastern section of the
GPRB (Fig. 8a in green and blue colors).
Discussion
Spatial variations of site potential, EP, and actual EP
within the GPRB
Site potential (i.e., long-term grassland productivity)
gradually increases from west to east within the GPRB,
Fig. 8 (a) Map delineating potential suitable areas (green and blue) for cellulosic feedstock development within the GPRB. The Sand
Hills ecoregion is shown with red outlines. (b) Final map delineating potentially suitable areas for cellulosic feedstock development
within the GPRB and excluding the sandy areas within the Sand Hills ecoregion. Pixels in green and blue represent areas that either
overperformed or normally performed for 7 of 9 years from 2000 to 2008 and with moderate (or high) site potential. The spatial reso-
lutions for the two maps are 250 m.
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as shown in Fig. 6a. These increases can be explained by
different soil types, topography (mainly elevation), and
climate conditions. The western part of the GPRB (south-
eastern Wyoming and northeastern Colorado) has very
low site potential because of the unfavorable vegetation
growth conditions (e.g., shallow or rocky soils, elevation
is higher than 1500 m, and low precipitation). On the
other hand, the eastern part of the GPRB has high site
potential because of the favorable vegetation growth
conditions (e.g., good soil and climate conditions).
The general spatial patterns in the site potential map,
the 2006 EP map, and the 2006 weather-based EEP map
(Fig. 6a–c) are similar (e.g., productivities increase from
west to east), but there are many differences among
these three maps because of the ecological disturbances
and the weather conditions. For example, both actual EP
and EEP (for 2006) are significantly lower than site
potential within the area outlined in dark red (Fig. 6 a–c).
The reason for these low actual EP and EEP was the
extreme drought condition that occurred in northeastern
Colorado (within the dark red outline) during 2006 (U.S.
Drought Monitor Data Archives, 2006). Extreme drought
led to low grassland productivities for both actual EP
and the weather-based EEP in 2006. This approach
clearly identified the extreme drought that occurred in
northeastern Colorado during 2006, demonstrating the
ability of this modeling approach to define performance.
Furthermore, although the actual EP in 2006 was
much lower than the normal site potential within the
area outlined in dark red (Fig. 6b) because of the
extreme drought condition, the EP anomalies (the differ-
ence between the actual EP and the weather-based EEP)
for 2006 in the same area still indicated normal perfor-
mance or overperformance (Fig. 6d). Even though there
was an extreme drought condition in 2006 (e.g., very
low precipitation), our model produced low weather-
based EEP for 2006 and led to the ecosystem normal
performance or overperformance shown in the area out-
lined in dark red. This demonstrates that our approach
can successfully separate the weather-related (e.g.,
drought) and the ecological disturbance-related (e.g.,
wildfires, floods, insects, and overgrazing) annual EP
variations, which can help identify the potential causes
of ecosystem variations and can help guide best man-
agement practices.
Identification of areas vulnerable to ecological disturbance
The map in Fig. 8a shows that some areas identified as
suitable for cellulosic feedstock expansion are located
within the Sand Hills ecoregion (within the red outlines
in Fig. 8a). Because of the special biophysical, geophysi-
cal, and biogeochemical characteristics of the Sand Hills
ecoregion (e.g., sand dune systems, sandy soil, native
grassland, and semiarid climate conditions) (Sand Hills
Ecoregion, National Geographic) and to avoid any
undesirable land use and land cover changes, we sug-
gest that some areas within the Sand Hills ecoregion
probably are not suitable for switchgrass development
or other intensive agriculture practices (removal of bio-
mass may lead to sand dune activation). Accordingly,
SSURGO AWC data, which represents the amount of
water that can be stored in soil and is available for use
by plants (USDA Natural Resources Conservation Ser-
vice, 1998), was used to identify sandy soil within the
Sand Hills ecoregion in this study. Areas with very low
AWC (less than 10 cm) within the Sand Hills ecoregion
were identified and were considered as sandy soils,
which are not suitable for cellulosic feedstock develop-
ment or other intensive agriculture practices. These
areas were excluded from Fig. 8b, which is the final
map delineating potential suitable areas (green and
blue) for cellulosic feedstock development. The total
suitable area for cellulosic feedstock development
within the grasslands of the GPRB is ca. 68 000 km2.
The spatial patterns of the potential grasslands that
could be used for cellulosic feedstock production
derived in this study generally agree with the previous
modeling results (e.g., Thomson et al., 2009) and results
based on county statistics (Milbrandt, 2005). Our analy-
ses focus on biofuel expansion into productive grass-
lands which would minimize the impacts on food
production. The advantage of this approach is to use a
long-term satellite data archive (2000–2008 eMODIS
data) which enables modeling with a reasonable spatial
resolution (250 m, which can provide site specific infor-
mation about suitability), and the dynamic modeling of
EP method which is data driven and based on large
sample sizes to identify the suitable areas.
Conclusions
This study identified grasslands potentially suitable for
cellulosic feedstock (e.g., switchgrass) development
within the GPRB using satellite observations, weather
and climate data, and EP models. Areas with high and
moderate ecosystem site potential and persistent ecosys-
tem overperformance and normal performance are iden-
tified. The resulting map delineating areas suitable for
cellulosic feedstock development within the GPRB (ca.
68 000 km2) is potentially useful to land managers, deci-
sion makers, and biogeochemical modelers to make
optimal land use decisions for cellulosic feedstock
development and sustainability.
This study demonstrates the capability of using
satellite observations to identify areas potentially suit-
able for switchgrass or other feedstock cultivation. It
reveals the broad usage and the wide application of
© 2011 USGS, GCB Bioenergy, 4, 96–106
104 Y. GU et al.
the satellite remote sensing data. This research repre-
sents the first step in identifying grassland areas suit-
able for cellulosic feedstock development. In future
studies, we will investigate how economic consider-
ations (e.g., the minimum region required to support a
cellulosic refiner, transportation costs, etc.) influence the
suitable areas, especially for small or isolated areas
within the GPRB. We will evaluate the environmental
and climate impacts (e.g., carbon sequestration, soil, and
land cover changes) caused by potential cellulosic feed-
stock expansion and development in the suitable
regions. We also plan to validate the results derived
from this study using ground observations and extend
these methods to the other geographic regions (e.g., the
Central Great Plains).
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